Motivation: Discriminating outer membrane proteins from other folding types of
Introduction
During the last two decades we have been witnessing exciting advances in the field of membrane proteins. The three-dimensional structures of membrane proteins revealed the existence of two structural motifs, -helices and -barrels in these proteins.
In recent years, the crystal structures of several -helical membrane proteins have been solved at high resolution and the features influencing their structure, folding and stability have been studied in detail (White and Wimley, 1999; Gromiha, 1999) . Unlike -helical membrane proteins, the structure and function of -barrel membrane proteins are not well understood. -barrel membrane proteins are found in the outer membranes of bacteria, mitochondria and chloroplast (Schulz, 2002) . These proteins differ from the allstructural class of globular proteins due to the presence of a lipid environment and they have different structural motifs compared with -helical membrane proteins. The discrimination of -barrel membrane proteins (outer membrane proteins) is an important task and it can be utilized in two ways: (i) the successful prediction of membrane spanning -strand segments and modeling outer membrane proteins (OMPs), and (ii) dissecting OMPs from genomic sequences. A comparative analysis of the distribution of amino acid residues in -helical and -barrel membrane proteins shows that the membrane part of OMP is more complex than transmembrane helical proteins due to the intervention of many charged and polar residues in the membrane. Consequently, the success rate of discriminating transmembrane helical proteins from other proteins is significantly higher than that of -barrel membrane proteins (Hirokawa et al. 1998 ).
Several methods have been proposed for predicting the structural classes of globular proteins and discriminating inner membrane proteins, with high accuracy. These methods include discriminant analysis of amino acid residues (Klein, 1986) , amino acid composition (Chou and Zhang, 1992) , physical-chemical properties (Gromiha and Ponnuswamy, 1995; Bu et al. 1995) , component coupled method (Chou and Maggiora, 1998) , residue distribution along the sequence (Kumarevel et al. 2002) , Bayes decision rule (Wang and Yuan, 2000) and amphiphilicity index of amino acid residues (Mitaku et al. 2002) . On the other hand, only few methods have been reported to identify -barrel membrane proteins and transmembrane -barrels in proteomes (Wimley, 2002; Martelli et al. 2002; Liu et al. 2003; Bigelow et al. 2004) . Gnanasekaran et al. (2000) developed a structure based sequence alignment method for identifying -stranded OMPs. Wimley (2002) analyzed the architecture of 15 OMPs and proposed a method based on hydrophobicity for identifying -barrel membrane proteins in genomic sequences. Martelli et al. (2002) used 12 OMPs and developed a neural network method for picking up the -barrel membrane proteins. Liu et al. (2003) analyzed the amino acid composition in the membrane spanning regions of 12 -barrel membrane proteins and applied the information for discrimination. Bagos et al. (2004a,b) developed an algorithm based on Hidden Markov Model (HMM) for discriminating OMPs. Natt et al. (2004) used a set of 16 OMPs and proposed a machine learning technique for discrimination. All these methods used minimal information for the analysis and the prediction accuracy is rather modest.
In our earlier works, we have proposed different methods for predicting the membrane spanning -strand segments in OMPs (Gromiha and Ponnuswamy, 1993; Gromiha et al. 1997 Gromiha et al. , 2004 . These methods and other algorithms for locating the transmembrane -strands are applicable only to OMPs and hence a simple and promising method is necessary to discriminate the OMPs from other proteins. In this work, we have used a large dataset and computed the amino acid composition for the 20 amino acid residues in both globular and OMPs. We have systematically analyzed the differences and similarities in these groups of proteins and devised a statistical method based on the deviation of amino acid composition for discriminating OMPs. We have tested our approach with several sets of globular proteins belonging to four different structural classes, transmembrane helical proteins, and OMPs obtained from both well annotated sequences and known three dimensional structures. Our predicted results showed an accuracy of 84% for correctly picking up the OMPs from known annotated sequences.
Our method is able to exclude up to 80% of globular proteins and -helical membrane proteins. These accuracy levels are comparable to or better than other methods in the literature.
Materials and methods

Data sets
We have used several sets of data for calculating the amino acid composition, identifying OMPs and excluding globular and -helical transmembrane proteins. Firstly, we have used a dataset of 377 annotated OMPs and 674 globular proteins belonging to all structural classes for computing the amino acid composition for the 20 amino acid residues. The well-annotated OMPs were obtained from the PSORT-B database (Gardy et al. 2003) , which contain several homologous sequences. The 674 globular protein chains were extracted from the PDB40D_1.37 database of SCOP with the sequence identity of less than 30% (Murzin et al. 1995; Berman et al. 2000) . This dataset was used by Wang and Yuan (Wang and Yuan, 2000) for predicting the structural classes of globular proteins and it is very challenging for discriminative purposes; methods claiming 100% accuracy for structural class prediction, predicted only with the accuracy of 60% with this dataset (Wang and Yuan, 2000) . It includes 155 all-proteins, 156 all-proteins, 184 + proteins and 179 / proteins. These two sets of 674 globular and 377
OMPs were also used for validating the present method. Further, we have tested our method with three other datasets; (i) a subset of 27 non-redundant OMP sequences with less than 35% sequence identity, (ii) non-redundant dataset of 19 OMPs available in Protein Data Bank with sequence identity of less than 25% (Berman et al. 2000) and (iii) a dataset of 268 well-annotated -helical transmembrane proteins (Gardy et al. 2003) .
The amino acid sequences of all these five sets of data are available on the web at http://www.cbrc.jp/~gromiha/omp/dataset.html.
Back-check and validity check methods
We have used the dataset of 377 OMP sequences and 674 globular protein sequences for deriving the amino acid composition. These same proteins have been used to predict whether each protein is of globular or outer membrane type. This method is called back-check prediction (or self-consistency test).
For the validity check prediction, we have followed the procedures that are widely used in the literature for protein secondary structure and solvent accessibility predictions: a set of N proteins is split into equally balanced subsets; parameters are developed on M proteins and then tested on the remaining N-M proteins (Cuff and Barton, 1999; Ahmad and Gromiha, 2002) ; the procedure is repeated for all subsets of data to obtain the average accuracy. We have used 189 outer membrane and 337 globular proteins (Set A) to derive the amino acid composition and the result obtained with Set A was used to discriminate the remaining proteins in the dataset (188 outer membrane and 337 globular proteins, Set B). The same procedure has been repeated by keeping Set B as the training and Set A as test set. Further, we have shuffled the sequences in the whole dataset of globular and OMPs, separately, and divided the proteins into training (Set A1) and test sets (Set B1) as described above. Using Sets A1 and B1, we have repeated the calculation. This procedure was repeated several times to validate the performance of our method. This type of test is known as validity-check prediction. In addition, we have tested each OMP using the amino acid composition computed on a set that does not contain any homologous sequences. Further, we performed a jack-knife test using a dataset of 27 OMP sequences, which have less than 35% sequence identity with each other. We have computed the amino acid composition using 26 OMPs and used this information for assigning the type of the left-out protein.
In these procedures, the tested proteins contain no information about the training set and hence the prediction accuracy obtained with this method is reliable.
We have also examined the reliability of our method with two other datasets in which no information is used to derive the amino acid composition. These datasets include (i) 19 non-redundant OMPs and (ii) 268 -helical transmembrane proteins.
Computation of amino acid composition
The amino acid composition for the set of OMPs has been computed using the number of amino acids of each type and the total number of residues. It is defined as:
where i stands for the 20 amino acid residues. n i is the number of residues of each type and N is the total number of residues. The summation is through all the residues in all the considered proteins. The same procedure was repeated for the globular proteins for obtaining their amino acid composition. The total number of residues in the datasets of globular and membrane proteins, are 123,243 and 204,191 , respectively.
Discrimination of OMPs
We have calculated the amino acid composition for both globular (Comp glob ) and OMPs (Comp OMP ). For a new protein, X, firstly, we have calculated the amino acid composition using Eqn. 1. Then we have calculated the total absolute difference of amino acid composition between protein X and the amino acid composition of globular proteins, and that between protein X and OMPs. The protein X is predicted to be a OMP if the deviation is lowest with Comp OMP and vice versa.
Results and Discussion
Amino acid composition for the 20 amino acid residues in globular and OMPs
The amino acid composition for the 20 amino acid residues in globular and OMPs have been computed using Eqn. 1 and the results are displayed in Fig. 1a . We observed that the residues Glu, His, Ile, Cys, Gln, Asn, and Ser show subtle difference between the composition of globular and OMPs. While the composition of Glu, His, Ile and Cys are higher in globular proteins than OMPs an opposite trend is observed for Ser, Asn and Gln.
The formation of disulfide bonds between Cys residues requires an oxidative environment and such disulfide bridges are not usually found in intracellular proteins (Branden and Tooze, 1999) . The analysis on the three-dimensional structures of 15 -barrel OMPs shows the presence of just eight (0.1%) Cys residues and none of them are in membrane part (Gromiha and Suwa, 2003) . Hence, the occurrence of Cys is significantly higher in globular proteins than in OMPs. Glu is a strong helix former (Chou and Fasman, 1978) and this tendency influences the higher occurrence of it in globular proteins than OMPs. The comparative analysis on the occurrence of Ile in the -strand segments of globular and OMPs revealed that the preference of Ile in OMPs is less than that in globular proteins (Gromiha and Suwa, 2003) , which may increase the occurrence of it in globular proteins.
On the other hand, the composition of the residues, Ser, Asn and Gln are significantly higher in OMPs than in globular proteins (Fig. 1a) . The structural analysis of several OMPs shows that these residues play an important role to the stability and function of OMPs. In OmpA, the interior of -strands contain an extended hydrogen bonding network of charged and polar residues and especially, the side chains of the residues, Ser22, Gln228 and Asn258 in OmpT, located above the membrane form hydrogen bonds to main chain atoms in the -barrel. Interestingly, none of the residues, which have high composition in globular proteins (Glu, His, Ile and Cys), are involved in such pattern (Pautsch and Schulz, 2000; Vandeputte-Rutten et al. 2001) . The binding of cyanocobalamin (CN-Cbl) with BtuB is important for its function. The binding region of this protein, hatch domain, is dominated by the residues Ser, Gln and Asn, which form van der Waals and hydrogen bonding interactions to stabilize the hatch apices. Especially, the residues, Asn185 and Asn276 are important for the stability of the upper surface of CN-Cbl binding pocket (Chimento et al. 2003a,b) . In FecA, Yue et al. (2003) showed that the binding pockets for diferric dicitrate involve the hydrogen bonds from the three residues, Gln176, Gln570 and Asn721. Similar observations are also reported for the recognition of TonB with FepA (Buchanan et al. 1999 ) and hydrolysis of a substrate binding to outer membrane phospholipase A (Snijder et al. 1999) . It has also been reported that the replacement of His100 by Asn increased the stability in OmpX (Vogt and Schulz, 1999) . Further, the structure and function of a peptide-protein complex of Omp32 is mainly achieved by the interaction of eight residues in the peptide, which are dominated by Asn, Gln and Ser (Zeth et al. 2000) . We infer from these observations that the high occurrence of Ser, Asn and Gln in OMPs is required in the formation of -barrel structures in the membrane, stability of binding pockets and the function of OMPs. The analysis on the three-dimensional structures of OMPs also revealed the higher occurrence of Ser, Asn and Gln in OMPs than in globular proteins.
We have also analyzed whether any patterns exist between amino acid compositional difference and their characteristics. The difference between the compositions of each amino acid residue in globular and OMPs is plotted in Fig. 1b . In this figure, the amino acids are placed in the order of aliphatic, aromatic, sulfur containing, polar and charged residues. The residues with positive difference indicate their high preference in globular proteins and that with negative value shows their dominance in OMPs. We observed that Asp, Phe, Val and Trp did not show significant difference between globular and OMPs. Among the hydrophobic residues, there is no specific preference between globular and OMPs except Ile (left hand side of Fig. 1b ). The presence of sulfur containing residues, Cys and Met are higher in globular proteins than
OMPs. The polar residues have higher occurrence in OMPs than in globular proteins. The influence of charged residues is interesting; Glu has significantly higher occurrence in globular proteins than OMPs while Asp has no preference. On the other hand, Lys and
His occur more often in globular proteins than OMPs while an opposite trend is observed for Arg. The occurrence of Pro is less in OMPs and it might be due to the fact that Pro is not a favored residue in membrane environments (Deber et al. 1990; Gromiha et al. 1997; Gromiha, 1999) .
Discrimination of globular and OMPs
We have calculated the amino acid composition for each of the 674 globular and 377 OMPs using Eqn. 1 (Table 1) . For each protein, we have calculated the total deviation in the amino acid compositions of 20 amino acid residues from the average values given in Table 1 . As an example, in as known from its structural information (Tucker et al. 1994 ). On the other hand, for
OutD protein, the deviation from OMP (16.09) is less than that from globular protein (23.70) and hence it is identified as an OMP, showing the agreement with experimental observations. The total deviations for a sample set of 40 globular proteins belonging to all four structural classes and 10 OMPs are given in Table 3 . We have correctly identified 334 out of 377 OMPs (89%) and excluded 531 of 674 globular proteins (79%). The validity-check method described earlier yielded an average accuracy of 84% and 78%
respectively, for correctly identifying OMPs and excluding globular proteins. The cross-validation method tested for each OMP using the frequency computed with a set of non-homologous sequences showed an accuracy of 80% for correctly assigning OMPs.
We have carried out a jack-knife test using a dataset of 27 non-redundant OMP sequences and the OMPs were discriminated at an accuracy of 93%. Further, the present method 
Analysis on different structural classes and proteins of different size
We have further analyzed the prediction results based on different structural classes, all-, all-, + and / . We observed that the prediction accuracies for these four classes of proteins are, respectively, 83%, 67%, 77% and 86%, indicating the better performance of all-and / proteins. The accuracy of all-structural class of proteins is improved to 73% when the proteins belonging to this class alone are used to compute the amino acid composition. Furthermore, we have divided the proteins based on their size and we observed that the proteins with less than 300 residues are correctly excluded from
OMPs with an accuracy of about 80%, and the proteins of large size are excluded at an accuracy of 87%. Proteins that have 301-400 residues are excluded with 74% accuracy.
In OMPs, the large size proteins (more than 800 residues) are correctly identified with an accuracy of 97% and the proteins with more than 200 residues are picked up with about 88% accuracy. Proteins with 200 residues or less are predicted with an accuracy of 73%.
Prediction results for -helical transmembrane proteins and OMPs of known structure
We have calculated the amino acid composition for a set of 268 well-annotated -helical transmembrane proteins, which are not used in the training data. We have successfully eliminated 213 of the 268 -helical transmembrane proteins and the accuracy is 80%. When tested against a set of aquaporins and -helical membrane proteins in Transport Classification Database, this method correctly predicted them to not be OMPs.
Furthermore, we have set up a representative set of 19 non-redundant OMPs. The amino acid composition and the total deviation from globular and OMPs for all these 19
OMPs are presented in Table 4 . Our method has picked up 18 of these 19 OMPs for an accuracy of 95%. The missed protein (1MM4) is of small size (170 residues) and it has more than 10% helical content.
Influence of specific residues for discrimination
We have analyzed the influence of seven amino acid residues (Glu, His, Ile, Cys, Gln, Asn and Ser) that show significantly different abundance between globular and OMPs, i.e., the residues, which are rich in globular/OMPs (Table 1 and Fig. 1a) .
Interestingly, only using these seven amino acid residues could discriminate the OMPs with the same accuracy as when using all the 20 amino acid residues (89% and 95% in the dataset of well annotated sequences and known three-dimensional structures, respectively). However, the exclusion of globular and -helical membrane proteins is slightly less than that with all residues, 5% in the case of globular proteins and 1% in -helical membrane proteins (the accuracy levels are 74% and 79%, respectively).
From Table 1 , we observed that the amino acid compositions of Ser, Asn, Gln, Thr, Gly, Tyr, Ala, Arg, and Leu are higher in OMP than in globular proteins. Using these nine residues, we have tried to discriminate outer membrane proteins. As expected, these residues could successfully omit globular and -helical membrane proteins (81% and 91%, respectively). However, the identification of OMPs from annotated sequences and known three-dimensional structures are rather moderate (71% and 79% respectively). On the other hand, the residues, which have higher amino acid composition in globular proteins than OMP, picked up the OMPs with high accuracy whereas the exclusion of globular and -helical membrane proteins is poor.
We have also examined the accuracy of discriminating OMPs using the amino acid composition of each of the 20 amino acid residues. In this method, we used the composition of only one amino acid residue at a time for discrimination and the calculation has been repeated for 20 times. The accuracy of discriminating OMPs using each amino acid residue is presented in Table 5 . We found that most of the residues have a predictive ability of 40-65%. Cys is the best predictor of OMPs and the residues Glu, His, Ile and Ser identified the OMPs with the accuracy of more than 70%. Interestingly, these five residues are among the seven residues, which showed significant difference between the compositions of globular and OMPs. On the other hand, Ser has the highest accuracy of excluding globular proteins followed by Asn and these two residues have subtle differences between the compositions of globular and OMPs. Further, we noticed that Ser has the ability of predicting OMPs and excluding globular proteins at an accuracy level of about 70%. It might be due to the highest difference of it between globular and OMPs (Fig. 1b) .
Deviation versus correlation
In the present method, we have used the measure, deviation, for discriminating
OMPs from other globular and membrane proteins. We have also examined the influence of correlation (instead of deviation) for discrimination. For each protein, we have calculated the correlation coefficients with the amino acid compositions of globular and
OMPs. The target protein is of outer membrane type if it has higher correlation coefficient with OMP than globular protein and vice versa. This type of approach has been previously used to distinguish the structural class of globular proteins (Chou and Zhang, 1992) . We observed that the measure, deviation could discriminate the OMPs better than correlation coefficient. The predicted accuracies for discriminating OMPs in a set of 377 annotated sequences, 15 OMPs used by Wimley (2002) and 19 non-redundant OMPs are, respectively, 84%, 93% and 95%. On the other hand, the accuracies of correctly excluding globular and inner membrane proteins are, 77 and 84%, respectively.
Effect of dataset on discrimination
We have examined the relative importance of the present method and the information gained from the dataset for discriminating OMPs, whether the dataset or the method is responsible for high accuracy. We have set up several datasets of randomly selected globular and OMPs with different sizes and applied our method for predicting
OMPs and excluding globular proteins. The present method based on the deviation of amino acid composition correctly identified the OMPs with an average accuracy of 87%
(in the range of 85-89% in ten different sets of data) and excluded the globular proteins at 75% accuracy. These accuracy levels are marginally lower than that predicted with the original dataset (674 globular and 377 OMPs) used in the present work (89% and 79%, respectively for OMPs and globular proteins). On the other hand, as we discussed in the previous section, the method based on correlation coefficient using the original dataset showed a reduced accuracy of 84% and 77%, respectively, for predicting OMPs and excluding globular proteins. Hence, from this analysis we observed that the effective combination of our methodology as well as the information gained from the selection of a good dataset significantly improved the accuracy of discriminating OMPs.
Comparison with other methods
Gnanasekaran et al. (2000) devised a method based on sequence alignment profiles of porins to identify the -stranded OMPs and reported an accuracy of about 80%. Liu et al. (2003) proposed a method based on the amino acid composition of residues in transmembrane -strand segments to discriminate -barrel membrane proteins. They used just 12 proteins for developing the parameters and tested with 241 OMPs, and the accuracy was reported to be 84%. As the membrane spanning segments are used to compute the amino acid composition, this method could identify the outer membrane proteins, which have high content of amino acid residues in the membrane and it missed the proteins with fewer membrane spanning -strand segments. As an example, this method failed to identify the 7AHL ( -hemolysin), which has two membrane spanning -strands, to be an OMP. Liu et al. (2003) compared the ability of the method proposed by Wimley (2002) and reported an accuracy of 53% to discriminate -barrel membrane proteins. For the structural data used in Wimley (2002) the accuracy is 75% whereas our method identified all the OMPs in the same dataset and the accuracy is 100%. Martelli et al. (2002) devised a neural network method using 12 OMPs and tested the method in 145
OMPs, which has yielded the accuracy of 84%. Bagos et al. (2004a,b) used a HMM for discriminating -barrel OMPs and reported an accuracy of 88% for a set of 133 OMPs.
We have used a set of 377 OMPs and discriminated them with an accuracy of 88%.
Further, the present method correctly excluded 80% of the transmembrane -helical proteins whereas the accuracy is 73% using HMM (Bagos et al. 2004a,b) . The high accuracy achieved by the present method is due to the superiority of the method as well as the information gained from the large dataset of globular and OMPs. As the sequence information alone is sufficient to derive the composition, one can refine the parameters frequently, as the number of sequences is growing rapidly, which may improve the accuracy. Further, the present method is simple and easy to incorporate in any algorithm.
Conclusions
We have systematically analyzed the amino acid sequences of globular and OMPs and developed the amino acid composition parameters for these classes of proteins. The similarities and differences of the 20 amino acid residues between globular and OMPs have been brought out. Based on the results, we have devised a statistical method based on the deviation of amino acid composition to identify the OMPs and to exclude other proteins. Our method correctly identified 84% of the OMPs and excluded up to 80% of the globular proteins, -helical membrane proteins and aquaporins. These accuracy levels are comparable to or better than other methods in the literature. We suggest that this simple method could be effectively used to discriminate OMPs and for detecting
OMPs in genomic sequences. 
